Abstract: Extrusion of rubber profiles is a time-and resource-intensive process. The experience of individuals supervising the production is difficult to gather and to convey to others. The aim of the MErKoFer project is to gather accumulated knowledge on the production process and established procedures, which are employed in handling occurring malfunctions and ensuring specified quality standards, and to give advisory feedback based on this knowledge. This approach is based on case-based reasoning, an ontological representation of domain-specific information and dependencies, associations and rules identified by data mining techniques, and neural networks. Solutions of similar situations are provided to the machine operators as hints from the knowledge base to support their decisions and improve their autonomy and the quality of their actions.
INTRODUCTION
The extrusion of rubber-profiles is in many aspects non-deterministic and complicated to operate. The knowledge required to operate the production lines is mostly acquired by experience and difficult to convey to others inside and even more outside the domain. The complex behaviour of rubber as a viscous elastic material makes the compounding as well as the further processing difficult to model in classic approaches, e.g. computational fluid dynamics or other analytical process models. Thus, the automation systems are very restricted in controlling these processes automatically. The machine operators have to manipulate the process very often based on their experience only. This paper addresses the problems of structuring, storing and analysing the knowledge gained in earlier production processes, to enable application to the current situation. This is the aim of the MErKoFer research project, funded by the German ministry of research. The key to achieve this goal is the combination of explicit knowledge on a medium grained level, and rules mined automatically by pattern recognition algorithms and other data mining methods. The explicit knowledge is stored in an ontological model, together with the appropriate relations and dependencies. The support situations are defined by a context sensitive approach based on production states.
In a user centred approach the identified situations are automatically presented to the machine operators seamlessly integrated into the existing automation control system. The users' autonomy and skills to manipulate the processes more goal-oriented will be improved to reduce downtimes and periods of waste production.
ONTOLOGY BASED KNOWLEDGE MANAGEMENT
Most plastics processing companies rank among small and medium enterprises. In these, the knowledge that is crucial for competitiveness is often concentrated in a small number of individuals. This carries the risk of losing the accumulated knowledge by changes in personnel. The documentation and transfer of this knowledge is thus a major issue in the long-term market positioning for these enterprises. Due to the need of concentrating on the production process and lack of additional resources, recorded production data is usually just stored, but not analysed or processed for a further gain of information. This has been addressed in Altendorfer (2001) .
The semantic model used in this approach is based on the Process Data Warehouse (PDW) as described by Brandt et al. (2005) , and the process-model of PRIME (Process Integrated Modelling Environments). The Core Ontology of the PDW, as depicted in figure 1 , consists of four domain-independent partial models, that can be extended for use in specific applications. PRIME is a framework which empowers method guidance of highly creative processes which are not completely understood in their entirety. This is achieved by supporting the definition of well understood process fragments and their situational classification in the complete process (Pohl et al., 1999) . This approach has already been validated in chemical engineering design processes. The ontology is managed in ConceptBase (Jarke et al., 1995) , a deductive object base which allows an arbitrary number of modelling levels, and modification of existing models while preserving the consistency of existing data.
The case-based reasoning approach (retrieve, reuse, revise, retain, see Aamodt and Plaza, 1994) , and how it is mapped to the underlying system components can be seen in figure 2. Here, a 'case' is a specific situation that has occurred during the production process, and can be characterised by a combination of relevant process values like temperatures, pressures and conveyor-belt speeds in various parts of the production line. To identify and retrieve a situation matching the current one, the process values and the process context as defined by the ontology have to be taken into account. The mechanism of categorising given situations is explained in further detail in section 3.2. After the retrieval of appropriate situations that are already known to the system and similar to the current one, associated actions and known consequences for these situations are recommended in the reuse phase. The information is presented to the user by means of the GUI.Dance module which constitutes the human-machine interface of the system, and is also used to optionally retain a modified situation after a revision by the user. The raw materials used in rubber extrusion are quite expensive and cannot be reused, if the final profile does not conform to the product specification. The process of rubber extrusion is prone to heavy waste production, especially in the starting phase. Adjustments to the production process take several minutes to generate a measurable response due to the physical dimension of the production line (up to 250 m long) and the low extrusion velocity (max. 20 m/min). Thus, a smooth and regular operation is aspired.
After the adjustment of process parameters, it takes even longer for the process to stabilise. The experience of the machine operators is a crucial factor in ensuring a faultless production. The time for process start-up is another issue that is directly influenced by the experience of the users. The complex behaviour of rubber and the lack of an explicit computational model of the production process aggravates the problems in gaining knowledge in the form of explicit rules from experts by interviews. So the knowledge is not stored explicitly but in the form of previously occurred situations during the extrusion process. Said reasons motivated a comparable case-based reasoning approach by Herbeaux and Mille (1999) in the context of designing closed cell rubber.
Nowadays the machine users have to interact with a number of systems, which are partly paper based (to record machine interactions and for the administration of the raw materials) and partly electronic (display of the process status and scanning of used batches). The separation of these systems does currently not allow common processing of the respective data in a reliable and coherent manner.
Defining characteristic situations
The current process and product state needs to be assessed and defined, similar to the way this is done by the machine operators. The key point is to have objective information about the product quality. Nowadays, the profiles' surface quality and crosssection geometry deviation is analysed and recorded by online optical quality inspection systems. These camera based systems usually mark defective profile sections visibly, to separate them out by the operating personnel (Pixargus, 2006) . In some cases, the data is analysed to quantify the amount and kind of failures statistically to control the rate of faulty production.
In the presented approach, the information from the optical inspection system is used to define characteristic situations based on the profile quality (the kind, distribution and quantity of defects) and the process parameters which are measured and stored by the automation system. A situation or case is thus characterised, among other things, by the aforementioned profile quality, the kind of profile that is produced, the used rubber-mixture, environmental data like air pressure or humidity, the values and latest progression of physical process parameters like extruder-temperature, power of microwave heating or speed of conveyor-belts and the countermeasures that are taken by the machine operators. Details on the storage of these situations can be found in section 3.4 and 3.5. Finding suitable similar situations for a given profile and error pattern involves classification and patterns matching in the recorded time series data of process values, which is further explained in section 3.3.
The initial 'black box' attempt was to use all available parameters and classify them by a neuronal network, to cluster the situations in a feature map. The MIDAS system used here (Multi-Purpose Interactive Data Analysis System) is based on a neural network that is trained in an unsupervised learning-process using a modified version of the fuzzy-ID3 learning-method. Results are shown in self organizing feature maps (SOFMs), which represent clusters of similar situations as points in coherent areas of a two-dimensional map. The distance between situations in the same cluster is a direct indicator of the grade of similarity (Sklorz et al., 1999) . Additionally a set of association rules is generated, that represents a structural description of the classified situations in the calculated neural network. These rules can be freely manipulated and extended to allow subsequent adjustments to the contained data. It turned out that the results were too diffuse to obtain helpful information for the machine operators (see figure 3 ). As there are approximately 50 process parameters measured along the extrusion line of the reference process, the number of influencing variables had to be reduced significantly. In extensive discussions and interviews with process engineers, machine operators, and other domain experts the important parameters were identified. In addition to the directly measured process parameters, some other indirect influence factors were integrated. E.g., the weather situation has to be examined as the rubber compounds are very sensitive to humidity and temperature.
Based on these results, the method has been extended and refined conceptually by a differentiation of all values and influence parameters. For example, a situation is defined as followed: Such a definition is much more similar to the analysis done by a process expert than just a comprehensive collection of all available data would be.
Identifying pattern and classifying attributes
In order to realise the described situation definition and to make the data manageable in size and structure, the recorded process parameters have to be simplified using linear and exponential approximation algorithms. Further pre-processing by Fast FourierTransformation (see figure 4) and other techniques allows a parameterised classification of deviations from required values, regarding a set of typically encountered patterns. In order to identify these patterns in time series datasets, the developed module receives the time series s(t), the points t 0 and t max and the direction either "forward" or "backward". The program runs along the time axis t with the given direction starting at the point t 0 analyzing s(t) and will stop either at a point t 1 , if it hits a striking cut in s(t) or hold at t max . If it stopped at t 1 , it will store the recognized pattern, represented through p(t) in a simplified way in a database table. However, if the database contains already a sufficiently similar pattern, the new pattern will not be added. Each of these patterns obtains an identifier (Id), used as a primary key in the database table. After identifying and storing several patterns in the database in the initialisation phase, in the recognition phase it finds the matches p(t) with the most similar pattern stored in the database. In all cases the Id of the pattern is returned and used for the computing of the MIDAS feature map. The identification of typical patterns and correlations between characteristic process parameters was accomplished in close collaboration with the domain experts using the visual data exploration tool InfoZoom (Spenke and Beilken, 2003) on existing process data. The patterns describe the behaviour of a process variable for a predefined period (from 15 to 60 minutes) and contain significantly reduced data compared to the original data.
The categorisation of different situations is based on the combination of selected process parameters' patterns. Similarities between the current situation and other situations which have been encountered before and were stored in a database, are again calculated using MIDAS. With the lower number of variables, the calculated self organising map in MIDAS shows the distribution of similar situations and a sharper classification between the accumulations which can be seen in figure 5. The automatically built association rules are used to locate the position of the current situation inside the feature map instantly without calculating the whole network from scratch. This allows also to use different maps computed with varying parameters.
Vitalising the domain ontology in the life cycle
Originally, the domain ontology was to be used conceptually as an extended categorisation schema on a coarse grained level without comprehensive querying mechanisms. As the elaborated domain knowledge from discussions and interviews with the industrial partner was really comprehensive and fine grained, it step by step was modelled explicitly extending and enriching the core ontology shown in figure 1 . The domain-specific ontology of the industry partner is based on the generic Process Data Warehouse model and is partially shown in figure 6 . The ontology represents a model of the objects and concepts identified in the rubber extrusion domain as well as the relations between them. As a result of that, inside this MErKoFer ontology, the process structure, products and description artefacts are stored as well as instances of the production charge, the material and also the characteristic situations identified by the described mechanisms.
The project's main issue, the contextualisation of information in form of situations, in this way is possible much more precisely when considering these explicit correlations and knowledge. Thus the combination of explicitly stored knowledge and detailed correlations from the data mining tasks described in section 3.3 was realised using the domain ontology and is based on the PDW. For the future, the extension of the model elements is done by the domain and modelling experts using the generic PDW front-end, while the instances are stored by the automated situation analyser and the user interface, the electronic logbook (ELB). 
Integration with the Human Machine Interface
As discussed in section 3.1, the machine operators are faced with a bundle of heterogeneous systems which are partially redundant from historical and technical reasons. The requirements building the HMI were elaborated in a participatory procedure together with the operators and the engineers. The most important issue was that the logbook must be comfortably operated using a touch screen, while wearing gloves. That led to the installation of two pressure sensitive touch panels which are placed at the extruders (the extrusion lines starting point) and the converting place (the end of the line) as required by the plant's dimension. In the first step, based on the formalised ontology, a user-interface for machine operators has been designed and implemented. It allows recording of user activities during the production and storing this data in its appropriate context to enable contextsensitive data-mining on all available data sources. In figure 7 a screenshot of the logbook is shown where a concrete error is inserted into the database containing the countermeasures chosen for this case and details like the involved instruments. Together with the logging of current process values this provides a way to continuously update new situations into the knowledgebase.
The logbook is currently being extended by a module called GUI.Dance which enables a special visualisation to display the identified situations to the operators (see figure 8) . The operators should immediately be able to compare the different situations and assess which of the proposed solutions, or a completely different one, to choose. By adapting the recommended course of action and carrying it out, the operator provides the revision step of the CBRcycle without additional effort.
CONCLUSION AND OUTLOOK
The project described here aims at supporting machine operators of rubber extrusion lines by generating new information from available stored data and implicit knowledge of experienced users and engineers, represented and condensed into an ontology of the rubber extrusion process. The ontology can be arbitrarily extended on instance-level as well as on the conceptual level and thus offers a 'living pool of knowledge'. Explicit knowledge contained in this ontology can be consistently reused to assist in solving subsequently occurring problems. Additionally to reutilising specific stored situations explicit queries for process analysis purposes are possible. Thus information about processed material with specific characteristics (e.g. all profiles including inlays and containing foam rubber parts that are very prone to bubble faults on the surface) could be gained. For the future, a generalisation of the generated results for the use at other, differently equipped, rubber extrusion lines is planned. As a further step the transfer of the developed ontology and methodology to other plastics engineering processes seems promising
